and Key Terms: 43 Computational studies can be used to support the development of peripheral 44 nerve interfaces, but currently use simplified models of nerve anatomy, which may 45 impact the applicability of simulation results. To better quantify and model neural 46 anatomy across the population, we have developed an algorithm to automatically 47 reconstruct accurate peripheral nerve models from histological cross-sections. We 48 acquired serial median nerve cross-sections from human cadaveric samples, staining 49 one set with hematoxylin and eosin (H&E) and the other using immunohistochemistry 50 (IHC) with anti-neurofilament antibody. We developed a four-step processing pipeline 51 involving registration, fascicle detection, segmentation, and reconstruction. We 52 compared the output of each step to manual ground truths, and additionally compared 53 the final models to commonly used extrusions, via intersection-over-union (IOU). 54 Fascicle detection and segmentation required the use of a neural network and active 55 contours in H&E-stained images, but only simple image processing methods for IHC-56 stained images. Reconstruction achieved an IOU of 0.42±0.07 for H&E and 0.37±0.16 57 for IHC images, with errors partially attributable to global misalignment at the 58 registration step, rather than poor reconstruction. This work provides a quantitative 59 baseline for fully automatic construction of peripheral nerve models. Our models 60 provided fascicular shape and branching information that would be lost via extrusion.
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16 Canada   17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42 possible quality images for automatic registration and segmentation. Five median nerve 139 specimens obtained from embalmed human cadaveric forearms were used. Exclusion 140 criteria included any visible evidence of deformities, previous surgery, or pathology. 141 Ethics approval was obtained from the University of Toronto, Health Sciences Research 142 Ethics Board (#27210). The median nerve was chosen as it is both relatively easy to 143 extract and relevant for the purpose of upper limb NI applications. 144 To obtain the nerve segments for histological analysis, all superficial tissues were 145 removed to expose the flexor digitorum superficialis muscle (FDS) and median nerve 146 from the medial epicondyle to the nerve's entry point into the muscle belly. Next, the 147 median nerve and FDS were excised proximally at the elbow and distally at the wrist. 148 The excised specimen was placed in a tray and the median nerve dissected to expose 149 the intramuscular nerve branches. (Figure 1 , top) For histological analysis, two median nerve segments were obtained from each 151 of the five specimens. The proximal segment was obtained by ligating the nerve 152 approximately 2 cm proximal and distal to the first bifurcation point (4 cm segments).
153
The distal segment consisted of the same length of nerve proximal and distal to the 154 second bifurcation point (Figure 1, bottom) . The proximal and distal nerve segments 155 from two specimens (n=4) were used to determine optimal staining methods, while the 156 remaining nerve segments (n=6) were used for data collection.
of the three segments stained with IHC showed no visible fascicles and was replaced.
178
Any images that exhibited artifacts due to tissue processing were excluded (n=20). The 179 final count of images used for testing the pipeline was 254 (Table 1) . and a sharpening to emphasize fascicles and fascicle boundaries. The image was then converted to grayscale and processed via anisotropic diffusion filtering (5 iterations, 192 exponential conduction method), a method which regularizes shape interiors while 193 preserving edges (21). Morphological opening-and closing-by-reconstruction followed.
180

194
Structural element sizes or erosion and dilation were set to disks of a radius of 7 pixels, ii.
The manually registered images made for the fully manual models were 294 automatically segmented (MRAS). This helped determine how differences in 295 segmentation affected the reconstruction method.
296
iii.
Automatically registered images were combined with manual segmentations 297 (ARMS) to make a second set of semi-automatic models. This helped determine 298 differences in registration affected the reconstruction method.
299
Along with the output of the automatic and semi-automatic pipelines, an extrusion (EX) 300 generated from a manual segmentation of the first image in the block was compared to 301 the fully manual models.
RESULTS
303
We tested the pipeline using a total of 11 blocks of H&E-stained images and 10 304 blocks of IHC-stained images. 
Reconstruction
343
The fully automatic, semi-automatic, and extruded models had similar IOUs, but 344 qualitatively differed in appearance ( Figures 6 and 7 , Table 3 ). EX had higher IOUs than 345 the fully automatic models for ten of the twelve examined blocks. Of the semi-automatic The current work presents a unique fully automatic 3D reconstruction method. 479 We quantified the performance of each step of our process in order to establish a 
